Abstract Spectral counting has become a widely used approach for measuring and comparing protein abundance in label-free shotgun proteomics. However, when analyzing complex samples, the ambiguity of matching between peptides and proteins greatly affects the assessment of peptide and protein inventories, differentiation, and quantification. Meanwhile, the configuration of database searching algorithms that assign peptides to MS/MS spectra may produce different results in comparative proteomic analysis. Here, we present three strategies to improve comparative proteomics through spectral counting. We show that comparing spectral counts for peptide groups rather than for protein groups forestalls problems introduced by shared peptides. We demonstrate the advantage and flexibility of this new method in two datasets. We present four models to combine four popular search engines that lead to significant gains in spectral counting differentiation. Among these models, we demonstrate a powerful vote counting model that scales well for multiple search engines. We also show that semi-tryptic searching outperforms tryptic searching for comparative proteomics. Overall, these techniques considerably improve protein differentiation on the basis of spectral count tables.
Introduction
Shotgun proteomics based on tandem mass spectrometry has become a widespread method for analyzing complex biological mixtures. It begins by digesting protein mixtures and separating the resulting peptides by liquid chromatography. After peptide MS/MS spectra are acquired, they are matched to database peptide sequences by search engines such as Sequest [1] , Mascot [2] , X!Tandem [3] , and MyriMatch. Proteins are assembled from these raw identifications by validation tools [4] [5] [6] [7] [8] that convert arbitrary search scores into statistical measures [9] . Proteins can then be filtered by customized criteria for further analysis. Because shotgun analyses can represent complex proteomes in considerable depth, a key question is how one can compare shotgun proteome inventories to reveal molecular characteristics of biologically distinct phenotypes to discover clinically important biomarkers. Improvement in protein differentiation broadly benefits the identification and validation of molecular markers that relate to various biological or medical outcomes, thus improving the current state of the art in biological research and clinical practice.
Prior work has demonstrated that a frequency-based analysis approach using the number of observed spectral counts for each protein provides a rough measure of protein levels in complex protein mixtures, especially for more abundant proteins [10] [11] [12] . In shotgun proteomics, however, a particular peptide may correspond to multiple potential protein sources. In systems where proteins of multiple species are present, such as xenograft models of cancer, shared peptides are very common, and so, a difference in one protein may masquerade as a difference in a second protein that shares peptides with the first. Several approaches have been proposed to help solve this problem [4, [13] [14] [15] by employing protein parsimony, discarding shared peptides, or adjusting spectral counts of shared peptides by unique peptides. These approaches have the disadvantage of losing information or attempting to apportion large numbers of spectra on the basis of relatively small sets of differentiating spectra. IDPicker, a protein assembly tool [4, 9] , organizes peptides into groups when they match identical sets of proteins, and it similarly organizes proteins into groups when they match identical sets of peptides. This structure enables the development of methods to differentiate proteomes in units of "peptide groups" that do not overlap with each other.
Comparative proteomics spans two complementary goals. First, researchers may seek to differentiate the proteomes of two sample cohorts, seeking the proteins that appear in one sample to a significantly greater degree than in another. Second, researchers may seek to quantify the extent to which proteins change in magnitude between sample cohorts. This article considers the first of these goals, leaving quantification as a topic for experimental methodologies better designed for this purpose, such as selected reaction monitoring [16] . The evidence produced for a protein in "shotgun" experiments is the result of a highthroughput sampling process. As a result, which spectra are captured from a particular protein digest will vary among experiments [17] . Spectral counts attributed to a particular protein group may vary due to random sampling or due to differences in protein quantity. In general, one expects to collect both more spectra from individual peptides (potentially varying in charge state or modification state) as well as more peptides from a particular protein group as the concentration of that protein rises compared to the sample background. As a result, finding significant differences requires the ability to compare variation in replicates to variation between cohorts.
Spectral counting depends upon identification, and yet little evaluation of its dependence on search engines has appeared in the peer-reviewed literature. Search results differ from one search engine to the next, depending on both the type of mass spectrometer used and the configuration of the search. In biological samples, often the most interesting proteins are lowest in abundance, and meaningful changes in protein abundance may be small in magnitude. Detecting these differences may be visible by one search engine but not another because of differences in match scoring. Even if the search engine is held constant, the way in which the tool is configured may significantly impact the set of identifications produced. Deciding between a "fully tryptic" search and a "semi-tryptic" search would seem to primarily impact the amount of time required, but this decision has been shown to significantly alter the set of peptides identified from a mixture [9, 18] . The impact of trypsin specificity configurations on protein differentiation has not been considered in depth. Stepping beyond a single search scenario, researchers have demonstrated that collating results from multiple search engines improves sensitivity for inferring protein inventories [19] [20] [21] , so long as false positives are kept under control. It would seem that the improved coverage available through multiple search engines would be a boost for differentiation, as well. How to leverage the increased information yield, however, has not yet been described.
In this manuscript, we characterize three strategies for improving comparative proteomics through spectral counting. We demonstrate that the problem of shared peptides can be resolved through comparison for peptide groups rather than proteins, giving examples of differences that would be confused by standard approaches. We examine the gains achieved for spectral counting when collating search results from a set of four high-performance peptide identifiers. We determine the impact of tryptic and semi-tryptic searching for spectral count tables to frame recommendations for best practices. Taken together, these techniques enable higherquality differentiation on the basis of spectral count tables.
Materials and methods

Data sources
ABRF data We used a dataset from the Association of Biomolecular Research Facilities (ABRF) iPRG 2009 study. In that study, two samples of Escherichia coli lysates (labeled "red" and "yellow") were digested with trypsin then analyzed with LC-MS/MS on an LTQ-Orbitrap with five technical replicates for each sample. The red and yellow replicates were derived from the same E. coli lysate sample running on two halves of one gel with a single region excised from each half (The "green" and "blue" proteomic datasets). Proteins in the changing region of red and yellow cohorts were enriched in blue and green cohorts, respectively (for more information, see Fig. S1 in the Electronic supplementary material). A differential protein key list was built by comparing the differentially expressed proteins between the less complex blue and green cohorts with a significance level of 0.05. Eighty-five percent of the proteins in the key list corresponded with the mass regions excised from the gel. The proteins significantly expressed in the blue cohort that were also significantly expressed in the red cohort were considered as true positives. Similarly, the proteins significantly expressed in the green cohort that were also significantly expressed in the yellow cohort were considered as true positives.
CPTAC data We used a dataset created by the Clinical Proteomic Technology Assessment for Cancer (CPTAC) program [17] . In the study, a yeast lysate was spiked with a mixture of 48 human proteins (Sigma-Aldrich UPS1) at several levels of concentrations. Each sample was analyzed with triplicates on seven independent instruments of four models (Thermo Fisher LTQ, LTQ-XL, LTQ-XL-Orbitrap, and LTQOrbitrap). Groups A, B, C, D, and E were yeast spiked with UPS-1 at 0.25, 0.74, 2.2, 6.7, and 20 fmol/μl, respectively. Data were processed using a FASTA database combining the yeast and human proteomes. Search parameters are provided in the Electronic supplementary material 1.
HNSCC data The Head and Neck Tissue Repository at Vanderbilt University [22] collected 20 head and neck squamous cell carcinomas (HNSCC). These cancerous samples can be compared to 20 normal tonsillectomy tissues, also from this repository. Peptides were separated by isoelectric focusing and liquid chromatography, followed by MS/MS analysis on a LTQ-Orbitrap.
ASW480 data Adenomatous polyposis coli (APC) is a negative regulator of Wnt signaling. Mutation of APC occurs in up to 60 % of colorectal cancer tumors. Patrick Halvey at Vanderbilt University has examined the proteomes of two colon tumor cell lines: SW480APC (APC restored) and SW480Null (mutant APC). Biological samples from three independent cell cultures were injected in duplicate for a total of six replicate measurements for the SW480null and SW480APC cell lines. Peptides were separated by isoelectric focusing and analyzed by LC-MS/MS on an LTQ. A subset of proteins found to be differentially expressed by LC-MS/MS were validated by targeted proteomics (LC-MRM-MS) [23] . The results from label-free shotgun proteomics were confirmed by targeted proteomics in that study.
Database search pipeline MS/MS scans were converted to mzML file format by the msConvert tool in the ProteoWizard [24] library to provide input files for TagRecon (TR) [25] , MyriMatch (MM) [26] , and X!Tandem (XT) search. These files were then converted to DTA format by ScanSifter [25, 27] to enable Sequest (SQ) search. All protein databases contained sequences in both forward and reverse orientations for estimation of protein and peptide identification error rates. For LTQ data, MM, TR, and XT applied a precursor tolerance of 1.25 m/z, while SQ applied a 2.5-Da mass tolerance. For Orbitrap data, MM and XT applied a precursor tolerance of 10 or 40 ppm, while TR applied 0.01 m/z tolerance and SQ applied a 0.1-Da mass tolerance. The search results were processed by IDPicker to yield a 5 or 2 % false discovery rate (FDR). Peptides passing these thresholds were considered as legitimate identifications. IDPicker assembled protein identifications from peptides using parsimony rules [4, 9] . Statistically significant differences in protein spectral counts between different groups were calculated using quasi-likelihood generalized linear modeling (GLM) by QuasiTel [22] . Proteins with p values less than 0.05 were considered as differential proteins. Differentially expressed proteins were mapped to genes and compared for enrichment of defined classes against a reference set of all identified proteins. Search configurations, dataset information, and identified peptides are shown in Table S1 and S4, and Electronic supplementary material 2.
Model for peptide group-based spectral count differentiation
IDPicker generates tables reporting the number of spectral counts for each peptide group (Fig. 1) . We used Fisher's exact test instead of GLM to compute a p value for each peptide group because the GLM includes additional covariates in the comparisons which may diminish accuracy for peptide groups with low spectral counts. We also used Fisher's exact test to compute a p value for each protein group as a comparison method. We employed the Benjamini-Hochberg FDR method to correct p values for multiple hypothesis testing [28] . Statistical techniques for the peptide group-based analysis differed from those employed in the search algorithm combination and semi-tryptic evaluations. These latter examinations employed the standard QuasiTel GLM for differentiation.
Common data analysis practices in comparative proteomics reflect the belief that FDR (multiple hypothesis testing corrected p value) is good both as a qualitative and a quantitative indicator of the overall significance of the results. The use of FDR-based meta-analysis was previously demonstrated in ChIP-chip meta-analysis [29] . The corrected p values of peptide groups corresponding to the same protein group were combined using Stouffer's Z-reverse normal transform method [30] to estimate the significance level of changes at the protein group level.
The weighted Stouffer's inverse normal transform method we built, described in Eqs. (1) and (2), took peptide p value, sample size, and effect direction (4) into consideration to compute a protein p value. Optimal weights for the weighted Z method were given by the square root of the spectral counts of peptide groups divided by their occurrence in protein groups (3) . By this strategy, unique peptide groups are assigned higher weights than the shared peptides. 
Models for combining search engines
We present statistical models to combine search results from four search engines. Heterogeneity among search engines results from factors including spectral pre-processing, theoretical spectrum prediction, and match scoring algorithms. As a result, FDR-based meta-analysis was necessary to summarize results. In the first model, spectral counts from each search engine were added together prior to differentiation. The combined spectral counts were analyzed by QuasiTel and corrected by the FDR method to compute p values. In the second model, we computed FDR-corrected p values of protein spectral counts separately by search engine. These p values were then combined for each protein using Stouffer's Z-transform probability test [31] . In the third model, we ranked the proteins by FDR-corrected p values from individual search engines (from smallest to largest). The ranks were then added together to compute a super rank for each protein.
In the "Stouffer p-combo model" and "p-rank sum model," proteins that were not identified by any included search engine were excluded in the comparison. Vote counting is well described for use in microarrays and peptide identifications [32, 33] . Rhodes et al. used a comparative meta-profiling which assesses the overlap of gene expression differentiation from a diverse collection of microarray datasets. Several modifications enable its use for protein spectral count differentiation. Briefly, the spectral count data were analyzed by QuasiTel, and p values from individual search engines were FDR corrected. We then defined a significance threshold-α (α DEFAULT 00.05)-and the number of top proteins we wanted to select-N SELECT . For these thresholds, we then ranked proteins by the number of search engines that find each significant; this positions each search engine as a "voter." Within each class of proteins with the same vote counts, we then ranked proteins by the minimum of their p value from the combining search engines (minimum p value, increasing). This process ranked potential protein differences, with the most substantial changes at the top.
Assessing FDR for vote counts and best p values followed a permutation strategy. First, we counted the proteins for each possible number of vote counts (N 1 , N 2 … N S ). Permuting the p values per search engine among proteins generated a set of randomly produced differences. We Fig. 1 Protein assembly, protein groups, and peptide groups in IDPicker. In this diagram, three peptide groups are associated with two protein groups. IDPicker groups peptides, such as the two peptides in the orange box, to "peptide groups" when they match to exactly the same proteins-histone-binding protein RBBP7 and RBBP4. "Protein groups" are sets of proteins such as RBBP4 and isoform 3 of RBBP4 that are indiscernible on the basis of the observed peptides. Peptide groups that only associate with one protein group are called unique peptide groups (green box). Peptide groups that associate with more than one protein group are called shared peptide groups (orange box). Both the protein and peptide groups are shown in IDPicker reports counted these differences for each possible number of vote counts (E 1 , E 2 … E S ). The minimum meta-false discovery rate (mFDRmin) can then be calculated by:
Then, we assess the validity of α with the following criteria: If mFDRmin<α, these proteins were found to be differentially expressed at the threshold α. If not, we repeated the enumeration of votes with the value of α lowered by 20 % at each iteration until either a valid α is defined or the number of differential proteins detected in two or more search engines reaches 0. A valid α should not fall so far that the number of proteins with at least one vote was less than N SELECT . Furthermore, to be strict in the significant level of the threshold, we should find the smallest (most significant), valid α setting by lowering α by 20 % and repeat the previous validity testings iteratively. The algorithm was implemented in R (Electronic supplementary material 3). This model is tuned for the best performance when voter turnout is large, i.e., more search engines are deployed for each dataset.
Results and discussion
Peptide group-based spectral count differentiation improves protein differentiation Peptide group-based spectral count differentiation better evaluates the impact of unique and shared peptide groups on protein differentiation, thus effectively reducing false positives. This method is most effective in reducing false positives when working with proteomic samples of higher organisms where a lot of shared peptide groups exist. Therefore, we tested the technique in ASW480 and HNSCC human proteomic datasets. In the ASW480 dataset, 6,042 peptide groups were identified, mapping to 7,325 proteins in 5,215 protein groups. We compared the cell line with and without the APC vector with protein group-based and peptide group-based techniques after MyriMatch search and IDPicker filtering. Of the differentiating proteins discovered by peptide group analysis, 95 % were also discovered through protein group analysis. Correspondingly, 81 % of the differential proteins from protein-based differentiation were also identified by peptide group-based differentiation (Figs. S2 and S4 ). At first, this would seem to imply higher sensitivity to differences in protein group analysis, perhaps due to more aggressive p value correction in the more numerous peptide group comparisons. Only five proteins were identified exclusively by peptide group-based differentiation, while 21 proteins were differentiated by proteinbased but not peptide-based techniques. We examined these 21 proteins with a critical eye. In the example of protein groups for desmin and vimentin, four peptide groups were shared between desmin and vimentin and six other protein groups (Table S2 ). The p values of desmin and vimentin from protein-based spectral count differentiation were 0.023 and <0.00001, respectively, signifying that these two proteins were both differentially expressed. However, we found that the spectral count of the unique peptide group of desmin had not significantly changed (p value >0.05). Desmin and vimentin share four peptide groups that were also shared by two to four other protein groups, causing cross talk between these proteins and others that were legitimately changing. The spectral count of these peptide groups greatly impacted the total spectral count of desmin. These data demonstrate that shared peptides can cause unchanging proteins to become false-positive differences.
The p value for desmin was 0.155111 when differentiation was performed at the level of peptide groups with combination via Stouffer's inverse normal method [30] . Separating peptides by protein association revealed that the expression level of desmin had not significantly changed. On the other hand, the change of the vimentin level remained significant (p value <0.01). In fact, the lack of change for desmin was reinforced by microarray (p value of 0.98747) [23] . On the other hand, the enrichment analysis of proteomic data revealed that targets of transcription repressor ZEB1 were measured at lower levels in the SW480 null cell line, implying elevated ZEB1 activity in this cell line. Others have shown that disruption of the ZEB1/ SMARCA4 binding causes an increase in CDH1 expression and a decrease in vimentin [34] . We also compared the two methods between replicates of the APC or control group which we knew should not show any differential proteins. Peptide group-based differentiation reduced the falsepositive differentiation by 20-41 % (Fig. S3) . These facts have shown that peptide group-based differentiation is robust against false positives induced by shared peptides.
Peptide group-based spectral count differentiation is also more sensitive to changes in unique peptide groups. In the HNSCC dataset, 4,011 proteins were assembled to 2,569 protein groups, with 2,941 peptide groups mapping to them. One hundred differential proteins were identified by peptide group-based differentiation (Fig. S2) . As a test, we evaluated the biomarker set resulting from a comparison using only the peptide groups that mapped to a single protein group; limiting the information to this set of peptides, however, reduced detection of differentiating proteins by 22 % (Fig.  S2) . Of the proteins found to be differences from the peptide group-based technique employing all peptides, 94 % were also found through the protein-based technique. Of the protein-based difference set, 82 % were also observed through peptide-group differentiation. A majority of protein changes found by peptide group-based differentiation shared peptides with other protein groups. Myosin 14 was among the differences found by peptide group-based but not protein group-based techniques. This non-muscle myosin, which appears to play a role in cytokinesis and cell shape, was matched to five peptide groups (Table S3) . Proteinbased spectral count differentiation could not provide enough evidence (p value00.258>0.05) to show that myosin 14 was differentially expressed in the cancer group versus the control group. However, when we look closely into each peptide group, we find that the peptide group that contains sequences specific to this form of myosin changes significantly in spectral counts, increasing from 39 to 110 (2.82-fold, p value00.000388<0.05). By peptide groupbased spectral count differentiation, the difference is significant (p value 00.001588 < 0.05). Previous studies have shown that overexpression of myosin 14 inhibits cell growth [35] , which coincides with the heightened expression in normal samples. Without peptide group-based comparison, this difference would be masked by other myosin forms.
Generally, protein and peptide group-based differentiations are highly concordant with each other (Fig. S4) . The correlation coefficient for the p values of ASW480 proteins was 0.947, while the HNSCC set yielded a 0.942 correlation. After finding the differential proteins by p values, the fold change of a protein can be estimated by averaging the fold change of its peptides. Because there are more peptide groups than protein groups for an assembly, multiple testing adjustment reduces the count of significant differences more strongly for peptide groups than for protein groups. For example, of the 20 proteins that were disagreements between the two differentiation techniques in the ASW480 dataset, three proteins (CD2 antigen cytoplasmic tailbinding protein 2, envoplakin, heat shock protein beta-1) are proteins with only one peptide group. As a result, the set of spectral counts compared in protein group and peptide group techniques is the same. Once multiple testing correction has been applied, though, Envoplakin shifts to a 0.0446 p value from protein group evaluation or to an insignificant 0.0581 p value from peptide group evaluation. Whether this constitutes the removal of a false-positive difference or losing sensitivity for real differences cannot be resolved from the data on hand.
Combining multiple search engines improves protein differentiation
Protein differentiation is considerably affected by search algorithms. In the ABRF iPRG E. coli dataset, 1,275 proteins in total were identified by the four search engines, while only 662 proteins were shared between all four search engines. The ability to identify truly differentiated proteins also varied among different search engines. MM, TR, XT, and SQ each identified 228, 225, 226, and 207 truly differentiated proteins, respectively (Fig. S5) . Most truly differential proteins (derived from identifications in the "blue" and "green" samples) reach agreement between two or more search engines with consistent fold change directions. These results highlighted the necessity of combining search engines to detect more correct differences and reduce false discoveries. We applied four distinct models (see "Materials and methods" section) to combine different search engines. These models have shown their unique advantages to achieve better protein differentiation. We ranked the proteins by p values from the "count sum model" and "Stouffer p-combo model" and by super rank of "p-rank sum model" from smallest to largest, or by vote counts from the "vote counting model" from largest to smallest, and chose the top 250 proteins (approximately the length of the key list) for true-positive and false-positive analyses. As shown in Fig. 2 , generally, combinations of search engines outperform individual search engines. For the pairing of SQ and TR, the "Stouffer p-combo model" increased AUC by 12.7 %, from 0.796 to 0.897, and identified 18 more true-positive proteins than TR by itself. Combining all four search engines by the "p-rank sum model" identified 3-13 % more true positive proteins than for any individual search engine; this combination revealed that adding all possible search engines is not guaranteed to outperform a well-selected set of search engines, since the MM+TR+SQ combination was more effective. Of the search engine pairs, XT and SQ appeared least effective at complementing each other.
Combining all the four search engines with the "vote counting model" produced the best true-positive ratio and lowest false-positive ratio, with 177 true positives out of top 250 differences, while the best number of true positives of other models is only 167. The "vote counting model" identified 20.5, 22.1, 22.1, and 22.9 % more true-positive proteins than searching by MM, TR, XT, or SQ individually. Combining three search engines such as MM+TR+SQ is also effective.
Combinations of search engines by these models were also evaluated in the context of the CPTAC LTQ dataset. We used data from C and E cohorts (a ninefold difference of UPS-1 spike concentration). In total, 45 out of 48 UPS-1 proteins were identified by the four search engines. MM, TR, XT, and SQ identified 42, 42, 41, and 40 UPS-1 proteins, respectively (Fig. S6) . We ranked the proteins by p values, super rank, or vote counts and analyzed the top 50 proteins with the four models. Numbers of true positives among the top 50 proteins were compared in Fig. 3 . Again, combinations of search engines outperformed individual search engines for revealing protein differences. Combining TR and SQ with the "Stouffer p-combo model" generated 32 % more true positives than SQ individually. Combining all four search engines by the "count sum model" identified 17.9-50.0 % more true-positive proteins than individual search engines.
Again, combining all the four search engines with the "vote counting model" produced one of the best truepositive ratio and lowest false-positive ratio, with 33 true positives out of top 50 differences. The "vote counting model" identified 17.9, 43.5, 22.2, and 50.0 % more truepositive proteins than searching by MM, TR, XT, or SQ individually. The advantage is not distinctive here because of the small number of proteins in the "answer key." Combining only two search engines was helpful for one dataset but not the other; the voting model benefits from a larger pool of votes (Figs. 2 and 3 ). For example, MM+XT, TR+ XT, and MM+TR only identified around 150 true-positive proteins. In the ABRF dataset, only the combinations that included Sequest gave the highest performance, though this algorithm working alone had yielded the lowest number of true differences.
The four models for combining search engines have different strengths and weaknesses. In simply adding spectral counts for a protein identified by multiple search engines, a single spectrum might be counted multiple times. Although the multiple counting increases the confidence of identification and spectral count differentiation, it will get extreme p values because of the correlation between search results. In the "Stouffer p-combo model," combining p values among algorithms increases the sensitivity of the collective analysis but has risks of bias towards idiosyncratically significant p values of one search engine. In the "prank sum model," the super rank comprises a nonparametric assessment of the results from individual engines. Drawing conclusions about which of these techniques is best would over-generalize from the two sample sets evaluated in this study, though combination is clearly beneficial. The "vote counting model" was most powerful when combining more search engines. Overall, combining search engines improves protein differentiation by not only increasing the protein inventories, but also increasing the pool of information available to differentiate each protein. Each combination of search engines allows for better discrimination than any individual search engine.
Semi-tryptic search outperforms tryptic search in protein differentiation
A given search engine may yield a different performance depending on its configuration. Bioinformaticists have argued for years that semi-tryptic searching, which allows the identification of peptides that differ from canonical trypsin specificity on one terminus, improves the inventories possible from proteomics [36] . We tested this parameter for its impact on comparative proteomics. Table S4 reports the number of identified peptides by fully tryptic and semitryptic searches. We first compared red/yellow cohorts in the iPRG E. coli dataset. All the other configurations and analysis were identical. Figure 4 shows the ROC curve of differentiated protein expression with semi-tryptic or fully tryptic searches. Semi-tryptic search achieved better sensitivity and specificity than fully tryptic search, with AUC increased by 6 % (from 83.77 to 88.56 %). Similarly, when comparing truepositive and false-positive proteins at the cut point of p value 0.05, semi-tryptic search greatly increases truepositive proteins by 7.07 % for the same number of false positives. The improvement reveals that semi-tryptic search achieves better sensitivity and specificity than fully tryptic search for a sample in which many proteins offer stark differences between cohorts.
We next analyzed the CPTAC dataset (where the spiked proteins differed by a factor of three between each pair of five levels) with fully tryptic and semi-tryptic searches. We compared the spectral counts of proteins in these cohorts in pairs (Table 1) . We chose a sampling of the possible fold changes, preferring samples where spike concentrations were greater. Semi-tryptic search generally outperformed fully tryptic search in AUC. Especially in the D and E cohorts, where UPS1 proteins were most dominant, semi-tryptic search increased AUC by 5.5 % (from 86.76 to 91.50 %). The top 50 (approximately the number of proteins in the gold standard) most differentiated proteins for each pairwise comparison were evaluated against the list of proteins known to change, and the numbers of true positives and false positives were computed (TP/FP). At different spike levels, semi-tryptic search detects more true-positive proteins along with fewer or unchanged false-positive proteins. Especially in B vs C, which contained only small amounts of spiked proteins with a threefold concentration difference, semi-tryptic search identified 55 % more true positives than fully tryptic search. Generally, semi-tryptic search provides better sensitivity and specificity than fully tryptic search, especially when comparing groups with small spike-in protein concentration changes (D vs E, C vs D).
Why would adding semi-tryptic peptide improve protein differentiation? When an algorithm fails to identify a spectrum, a semi-tryptic search will typically assign a semitryptic peptide to the spectrum (because random semitryptic peptides outnumber fully tryptic peptides by more than an order of magnitude). Software that separates correctly identified spectra from incorrectly identified ones exploits this information to identify a larger set of peptides, even if no semi-tryptic peptides are present. The most abundant proteins in a mixture are, in turn, more likely to produce semi-tryptic peptides in addition to fully tryptic peptides. As the concentration of UPS-1 proteins increases from group A to group E, the percentage of semi-tryptic peptides from these UPS-1 proteins was 0 % in group A and group B. The percentage increased to 6.9-7.0 % in group C and group D, and reached the highest-10.6 %-in group E. The increased identification of semi-tryptics from dominant proteins increases the power of semi-tryptic search in protein differentiation and expands the dynamic range of differentiation.
Conclusions
Spectral count differentiation benefits from a peptide groupbased evaluation strategy, new models for combining database search engines, and care in search configuration. Peptide group-based spectral count differentiation helps to resolve the protein inference problem, giving particular power when untangling complex protein-peptide clusters. It can be used as an alternative or complementary differentiation method when working with complex comparative proteomic samples where a lot of shared peptide groups exist. In systems where proteins of multiple species are present, such as xenograft models of cancer or other samples that contain proteins from multiple eukaryotes, the method has great potential in improving protein differentiation. Due to the influence of multiple testing adjustment, this method may lose power for proteins near the p value threshold.
Three of the four tested models for combining search engines for differentiation proved to be effective. The "count sum model" can be easily implemented for almost any workflow and delivers solid performance, though false positives may prove problematic. The "p-rank sum model" may be more robust against idiosyncratic performance for individual search engines. These two models can be used when combining two or three search engines; in this examination, MM+TR+SQ yielded the best performance. With the increased ability of incorporating three or more search engines, the "vote counting model" is very robust against idiosyncratic results for individual search engines. Its steady, high performance in these datasets suggested great potential for fielding many search engines at once.
These models may be most useful in biomarker discovery, where some proteins of interest are at low abundance. The use of multiple engines can broaden the pool of information available to differentiate proteins present at small quantities. These models can also apply to samples with large genomes when low-resolution mass analyzers have measured precursor masses; these searches compare very large numbers of candidate sequences to every spectrum, thus losing discrimination. In the future, these models may be developed by recognizing the unique contribution of each search engine. The search engines that provide more confident IDs with better sensitivity and specificity, such as MM in the two datasets above, should be afforded more importance. In the "count sum model," excluding the overlapping peptide spectrum matching by different search engines can also be used to reduce the type I error.
In both datasets, semi-tryptic peptide search outperforms fully tryptic peptide search in protein differentiation studies in multiple aspects including higher discovery rate, better specificity, and better sensitivity. Semi-tryptic search is more sensitive to small protein concentration changes. Ignoring the contributions of semi-tryptic peptides would sacrifice discrimination for levels of abundant proteins. If endogenous proteases are present in a sample, semi-tryptic search is obviously the choice for better protein differentiation, but the improved inventories are feasible through this option even in samples dominated by fully tryptic peptides. In the future, more general conclusions can be drawn by indepth analysis of trypsin specificity configurations by search engines other than MM.
In conclusion, these three strategies yield higher-quality differentiation based on spectral counting. These strategies are each generic enough to enable their incorporation in many bioinformatics pipelines. Since the spectral counting strategy was introduced in 2004, it has become a standby for many laboratories. These advances will enable its application to samples where proteins share peptides in complex relationships, discrimination of correct peptides requires multiple pipelines, and a wide dynamic range of proteins is interrogated.
